Motivation: Protein malonylation is a novel post-translational modification (PTM) which orchestrates a variety of biological processes. Annotation of malonylation in proteomics is the first-crucial step to decipher its physiological roles which are implicated in the pathological processes. Comparing with the expensive and laborious experimental research, computational prediction can provide an accurate and effective approach to the identification of many types of PTMs sites. However, there is still no online predictor for lysine malonylation. Results: By searching from literature and database, a well-prepared up-to-data benchmark datasets were collected in multiple organisms. Data analyses demonstrated that different organisms were preferentially involved in different biological processes and pathways. Meanwhile, unique sequence preferences were observed for each organism. Thus, a novel malonylation site online prediction tool, called MaloPred, which can predict malonylation for three species, was developed by integrating various informative features and via an enhanced feature strategy. On the independent test datasets, AUC (area under the receiver operating characteristic curves) scores are obtained as 0.755, 0.827 and 0.871 for Escherichia coli (E.coli), Mus musculus (M.musculus) and Homo sapiens (H.sapiens), respectively. The satisfying results suggest that MaloPred can provide more instructive guidance for further experimental investigation of protein malonylation. Availability and Implementation: http://bioinfo.ncu.edu.cn/MaloPred.aspx.
Introduction
Lysine malonylation (Kmal) is a novel and evolutionarily conserved PTM, which was firstly identified in both mammalian and bacterial cells in 2011 (Peng et al., 2011) . Follow-up study showed several Kmal sites on histones, suggesting possible roles in regulating chromatin structure and function (Xie et al., 2012) . Given the larger size and the presence of the negatively charged carboxylic group, Kmal plays an essential role in regulating protein functions, and is involved in many pathophysiological processes and disease (He et al., 2012; Lin et al., 2012; Qian et al., 2016) . Nishida et al. (2015) found that cells with increased Kmal displayed impaired mitochondrial function and fatty acid oxidation. Meanwhile, the enrichment of malonylated proteins in metabolic pathways supported a potential role of protein lysine malonylation in type 2 diabetes (Du et al., 2015) .
Although malonylated proteins can affect various cellular functions in eukaryotic and prokaryotic organisms, it is still much difficult to detect the exact substrates or sites of Kmal due to its dynamic property and pretty low abundance. Indeed, a major and ongoing effort in the field is to validate the sites of Kmal, and to understand how malonylation affects the activity of its targets. A lot of experimental approaches, such as mass spectrometry (MS)-based experiments, isotopic labeling, chemical probe, affinity enrichment and label free quantitative proteomics, have been used to identify Kmal sites (Bao et al., 2013; Hirschey and Zhao, 2015) .
However, the experimental identification of PTM sites is still a challenging task, which often requires extensive laboratory work and considerable expense. On the contrary, computational methods which can screen putative sites prior to experimental verification can greatly narrow down the efforts on experimental work. With the development of machine learning algorithms, lots of PTMs prediction tools have been developed based on these methods including artificial neural networks (ANNs) (Tang et al., 2007) , support vector machine (SVM) (Gao et al., 2010) and random forest (RF) (Li et al., 2015) . The predictions of phosphorylation could be classified into three categories, including non-specific, organism-specific and kinase-specific. For example, Blom et al. (1999) developed the first online predictor of NetPhos to predict non-specific phosphorylation sites with an ANN algorithm. Kim et al. (2004) designed the PredPhospho 1.0 to predict an organism-specific manner phosphorylation sites with the first use of SVM algorithm, and Suo et al. (2014) analyzed the kinases' characteristic of all disease-related phosphorylation substrates by using phosphorylation set enrichment analysis (PSEA) method. For the predictions of acetylation, many methods, such as clustering-based (Basu et al., 2009) , combination of multiple features (Shi et al., 2012a) , position-specificity (Li et al., 2014; Suo et al., 2012) , and lysine-acetyl-transferase (KAT)-specific (Wang et al., 2012) have been designed. Besides, many other tools were proposed to predict sumoylation (Liu et al., 2008; Zhao et al., 2014) , methylation (Chen et al., 2006; Deng et al., 2016; Shi et al., 2012b) and other PTMs. From the comparison of the existing predictive tools, it can be found that the predictions with abundant datasets, multiple features, and organism-specific or kinase-specific could always obtain better performances.
Although considerable success has been achieved to develop useful approaches for PTMs site prediction, to the best of our knowledge, there is still no online tool to predict Kmal sites. So, in this work, an easy-to-use online tool called MaloPred (prediction of lysine malonylation) was developed to identify the species-specific malonylated sites. Reliable and large-scale experimental malonylation proteomics data was collected from several sources and used to train the prediction models. Five informative features derived from protein sequences, physicochemical property and evolutionary information were extracted and combined by using a two steps feature selections strategy. Firstly, five features, including amino acid compositions (AAC), amino acids binary encoding (BINA), encoding based on grouped weight (EBGW), K nearest neighbors feature (KNN) and position specific scoring matrix (PSSM) were selected from lots of features based on the better performance via SVM. Secondly, the information gain (IG) method (Ke et al., 2007) was chosen to select the most meaningful and significant features for different organisms. The result of independent test set showed that the performance of multiple features was overall significantly enhanced in comparison to single ones. Taken together, MaloPred can be a powerful tool for the computational identification and characterization of protein malonylation on a large scale. The online service can be freely accessed for academic research at http://bioinfo.ncu.edu. cn/MaloPred.aspx.
Materials and methods

Overview of MaloPred pipeline
There are four main procedures in the MaloPred system (Fig. 1) . (i) a valid benchmark dataset was constructed to train and test the predictor for three organisms separately, (ii) various features which can truly reflect their intrinsic correlation with the target were extracted, (iii) extensive feature selection was performed using a two-step procedure based on IG method in a cross-validation manner, where the optimal feature subsets were selected for each species and (iv) establish a user-friendly web server with the optimal model for the predictor that is accessible to the public.
Data collection and preprocessing
In order to develop a solid predictor, a new non-redundant dataset was constructed. Firstly, 9768 experimental malonylation sites, including 1746 Kmal sites in 595 proteins in E.coli, 3435 Kmal sites in 1174 proteins in M.musculus, 4579 Kmal sites in 1660 proteins in H.sapiens and 7 Kmal sites on 4 proteins in other species, were obtained by searching information containing 'malonylation' or 'malonylate' from different database, including UniProtKB/SwissProt (UniProt, 2015), CPLM databases (Liu et al., 2014b) as well as the relevant literatures (Colak et al., 2015; Du et al., 2015; Hirschey and Zhao, 2015; Nishida et al., 2015; Peng et al., 2011; Qian et al., 2016; Xie et al., 2012) . In this work, E.coli, M.musculus and H.sapiens were considered due to the data limitation of other organisms. Secondly, the experimentally determined Kmal sites were used as positive samples (malonylation sites), and the same type of lysine residue excluding known manolylated sites in these proteins were chosen to be the negative datasets (non-malonylation sites). For eliminating sequence redundancy and avoiding overestimates of the performance of machine learning-based classifiers, CD-HIT program (Huang et al., 2010) was selected to generate a non-redundant subset at a sequence identity level of 30%. Finally, these sequences were truncated to 25-residue symmetrical windows (-12 to 12) which could have better performance to characterize the malonylated sites ( Supplementary Fig. S1 ). Non-redundant datasets were obtained with 1555, 3041, 4039 positive sites and 7853, 27 499, 53 584 negative sites for E.coli, M.musculus and H.sapiens, separately (Supplementary Data S1 and Table S1 ). The final datasets were divided into two random subsets, which are referred to as the benchmark datasets and the independent datasets.
Features extraction and optimization
In general, the first and important step in a classification task is feature extraction which means how to formulate an effective mathematical expression from protein sequence. Once protein sequences are represented by numerical vectors, SVM was chosen for classification. By using of 10-fold cross-validation, sequence-based features, evolutionary-derived information and physicochemical properties were assessed to determine which features can be utilized to construct model.
2.3.1 Sequence-based feature AAC. The type and position of the amino acid residues, which are basic information for a protein sequence, are widely used in various predicted systems (Chen et al., 2013a; Liu et al., 2014a) . A proteome-wide amino acid composition analysis can characterize the specific state of a given malonylated and non-malonylated ones. Hence, AAC was chosen in the same manner as the researchers described (Xu et al., 2015) . We calculated the amino acid frequencies in the sequence surrounding the query site (the site itself is not counted). There are 20 types of amino acids, and thus 20 frequencies are calculated, the sum of which is 1.
BINA. Based only on the compositional characteristics of the amino acid sequence, BINA is a simple but effective algorithm which can transform protein sequence into numeric vectors. In short, 20 amino acids together with O are represented by 21 dimensional orthogonal binary vectors. For example, amino acid A is expressed as 100000000000000000000, amino acid O as 000000000000000000001 and so on. In this work, the length of protein sequence was chosen to be 25, so the dimension of the numeric vector was 525.
Physicochemical properties
EBGW. By changing the charge on lysine from þ1 to À1 under physiological conditions, Kmal results in significant changes in protein structure and function (Qian et al., 2016; Xie et al., 2012) . So we adopted an encoding scheme of the amino acid sequence considering the hydrophobicity and charged character of amino acid residues. The encoding method based on grouped weight is effective in representing the protein structure information from protein sequences (Zhang et al., 2006) . Based on the hydrophobicity and charged character, 20 types of amino acids are divided into four groups:
The polar group C2 ¼ {C, N, Q, S, T, Y} The positively charged group C3 ¼ {K, H, R} The negatively charged group C4 ¼ {D, E}.
Three disjoint groups, C1 þ C2 versus C3 þ C4, C1 þ C3 versus C2 þ C4 and C1 þ C4 versus C2 þ C3, were obtained.
For a protein sequence P¼ (p 1 , p 2 , . . ., p 25 ), it is transformed into three binary sequences
Each binary sequence is divided into J sub-sequence increasing in length. For example, for H 1 , the jth sub-sequence is defined by X 1 (j) ¼ Sum(j)/D(j).Sum(j) denotes the number of 1 in the jth subsequence, and D(j)¼int(j*L/J) refers to the length of the jth subsequence, the Int() rounds a number to the nearest integer and L is the length of the protein sequence. The 3*J-dimension vector X ¼ [X 1 , X 2 , X 3 ] is defined as the EBGW string of protein sequence.
2.3.3 Evolutionary-derived information KNN. As a simple, effective and non-parametric classification method, KNN algorithm is first used in text classification (Tan, 2006) . Recently, various classifiers based on the KNN rule have been successfully used to predict protein sub-cellular localization (Qiu et al., 2010) , G protein-coupled receptors and their types (Xiao et al., 2011) , as well as many other protein attributes (Chen et al., 2013b; Huang et al., 2012) . According to the KNN rule, the query protein should be assigned to the subset represented by the majority of its K nearest neighbors. KNN scores capture local sequence similarity around malonylation sites by extracting features from its similar sequences in both positive and negative sets with a KNN algorithm (Gao et al., 2010) . The KNN score is based on the local sequence similarity. In details, for two local sequence fragments s 1 ¼ (s 1 (1), s 1 (2), . . ., s 1 (w)) and s 2 ¼ (s 2 (1), s 2 (2), . . ., s 2 (w)), the distance Dist (s 1 ,s 2 ) between s 1 and s 2 is defined as:
Simðs 1 ðiÞ; s 2 ðiÞÞ w Simða; bÞ ¼ Mða; bÞ
where Sim is derived from the normalized amino acid substitution matrix, a and b are the two amino acids, M is the substitution matrix (BLOSUM62 was chosen in this article). For a query sequence P¼ (p 1 , p 2 , . . ., p 25 ), the corresponding KNN score is extracted in three steps. Firstly, the distances between P and all the comparing set (containing the same number of the positive and negative sets) are calculated. Secondly, the distances are sorted and the k nearest neighbors is chosen. Lastly, the percentage of positive neighbors in its K nearest neighbors is calculated as the KNN score.
To take advantage of different properties of neighbors with various similarities, different K values can be used to obtain multiple scores. In this work, K was chosen to be 2, 4, 8, 16, 32, 64 and 128 , and the seven KNN scores were extracted as features.
PSSM. The position specific scoring matrix, which can measure the residue conservation in a window of a given length, has been a key factor for the improvement of prediction performance (Schwartz et al., 2009) . In this study, the PSSM profile for each sequence was extracted by performing PSI-BLAST search against the NCBI non-redundant database using the default E-value cutoff (Altschul et al., 1997) . And then these features of central residues were further encoded using a sliding window approach.
For a query sequence, the matrix with 25 * 20 elements, which is extracted from the PSSM profile, has rows centered on malonylation or non-malonylation site, where 25 represents the window size and 20 represents the position specific scores for each type of amino acid. Thereafter, the 25 * 20 matrix is transformed into a 20 * 20 matrix by summing up the rows that are associated with the same type of amino acid residence. And then, every element in 20 * 20 matrixes is divided by the window length 25 and then is normalized using the formula:
At last, every sequence was displayed by 400-dimension PSSM values in the way of rearranging the matrix according to the line index.
Feature selection strategy via SVM
A comprehensive feature extraction methodology is the precondition for successful work with classification objects because heterogeneous initial features may be redundant and noisy, which might have negative impacts on model training. In this work, the characteristics and significant features were picked up by IG method (Supplementary Materials Si1). Firstly, by integrating various informative features derived from protein sequence, 985-dimension features were obtained through 10-fold cross-validation. Secondly, IG algorithm was used to rank all initial features vector. More specifically, F ¼ [f i , where i¼ 1, 2. . . n] is a list of features, which is sorted in the descending order by their average IG scores, and R is an empty list, which is used to store the selected features. We add the top-ranked feature to the feature sets and run SVM using the feature sets in the cross validation strategy. When the addition of the top ranked feature improves the average accuracy value, then this feature vector is retained in R; otherwise it will be removed, until F is empty. Finally, the SVM classifier is trained to distinguish malonylation and non-malonylation sites on the selected feature sets.
Model learning and performance evaluation
SVM is a kind of machine learning algorithm based on statistical learning theory (Noble, 2006) . After transforming observed features of positive and negative instances into a vector-based feature space, a 'maximum margin hyper plane' that separates the two datasets is created. A radial basis function (RBF) and 10-fold cross-validation were applied to optimize the parameters in the model. Four major parameters of sensitivity (Sn), specificity (Sp), accuracy (Acc) and Mathews Correlation Coefficient (MCC) were chosen to evaluate the prediction performance. MCC is generally regarded as a balanced and reliable measure because it takes into account true and false positives and negatives (Supplementary Materials Si2). The receiver operating characteristic (ROC) curves were plotted based on Sp and Sn by taking different thresholds, and AUCs were also calculated based on the trapezoidal approximation.
3 Results and discussion
Functional analysis
To analyze the functional distribution of Kmal, the PANTHER classification system was chosen to sort the malonylated proteins (Mi et al., 2013 ). An enrichment analysis of Gene Ontology (GO) terms were performed with the binomial test to choose the top five most significantly over-represented biological processes, molecular functions and cellular components of the malonylated proteins relative to the reference list for the three organisms, separately (Fig. 2,  Supplementary Data S2) . The results show that three organisms have both commonality and difference. In short, they are all statistically enriched in metabolic processes (GO:0008152, GO:0044238), translation (GO:0006412) for biological processes and catalytic activity (GO:0003824) for molecular functions. Moreover, the Go terms of intracellular (GO:0005622), cytoplasm (GO:0005737), and cell part (GO:0044464) are all significant enriched for three species. Meanwhile, the results also show difference between three organisms. For example, E.coli but not M.musculus and H.sapiens proteins is statistically enriched in biosynthetic process (GO:0009058), structural constituent of ribosome (GO:0003735), ligase activity (GO:0016874) and cytosol (GO:0005829). The GO terms of cellular amino acid metabolic process (GO:0006520), and racemase and epimerase activity (GO:0016854) are only over-represented in H.sapiens proteins, whereas the GO term of macromolecular complex (GO:0032991) is the only significantly associated with M.musculus proteins.
Furthermore, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway was performed to investigate the pathways in which Kmal was likely to be involved using DAVID 6.7 tools (Huang et al., 2009) . The top 10 statistically significant results (P < 0.01) were listed for three organisms separately ( Supplementary  Fig. S2 ), while the detailed results were shown in Supplementary Data S3. The most significantly enriched pathway of ribosome Fig. 2 . The functional distributions for three organisms of malonylated proteins, respectively. Three classes of GO terms including biological processes, molecular functions and cellular components were adopted, while the statistical enrichment analysis of GO terms for malonylated proteins were performed with the binomial distribution with P < 0.01 (Color version of this figure is available at Bioinformatics online.) implies a potential role of Kmal in protein synthesis. The results also suggest that Kmal are significantly enriched in the multiple metabolic pathways which are consistent with GO annotation. Meanwhile, there are also some differences for three organisms. Aminoacyl-tRNA biosynthesis, and Glycolysis/Gluconeogenesis are enriched in E.coli and M.musculus but not in H.sapiens, whereas Valine, leucine and isoleucine degradation and Parkinson's disease are significantly associated with M.musculus and H.sapiens but not E.coli.
To sum up, functional analysis revealed potential impacts of Kmal on enzymes involved in metabolism and other cellular processes that metabolism related. Meanwhile, the difference between three organisms certified the necessary to develop the speciesspecific computational prediction tools.
Analysis of sequence information results
Amino acid site specificity
Based on the curated datasets, the difference of AAC and BINA between the surroundings of malonyation sites and non-malonylation ones were analyzed (Fig. 3, Supplementary Fig. S3 ). In Figure 3 , the amino acids vary from being enriched to being depleted in the surrounding sequences of malonylation sites with similar trend, but some variations among the three organisms. Amino acids Lys, Arg, Gly, Ala and Val are enriched in the surrounding sequences, whereas His, Trp, Glu, Ser, Leu, Met, Asp, Pro and Gln are depleted for three organisms with different degrees. Ser is significantly enriched in E.coli but depleted in M.musculus and H.sapiens, whereas Tyr has the complete different tendency. Meanwhile, Ile and Phe are enriched in H.sapiens but depleted in the other two organisms, and Thr has the thoroughly opposite result.
The heat maps of BINA ( Supplementary Fig. S4 ), and sequence logos ( Supplementary Fig. S5 ) also visualize and analyze position distribution and the sequence-level site specificity of the malonylation sites.
The information entropy provides an effective measure of the uncertainty for a given system. The IG values, which could evaluate the decrease in information entropy, were calculated to distinguish the importance of different residues for malonylation sequence (Supplementary Fig. S6 ). Generally, the residue which has the larger IG score is more important for the system. Supplementary Figure S6 displays the statistically significant composition of each amino acid residues. The curves obtained by the experimental malonylation and non-malonylation sequences are clearly above the random curve (created by the random sequence fragments, the number of which is the same as the experimental samples). Lys, Pro and Gly have the higher IG values, which are identical with the results of the composition of amino acid. Interestingly, the IG values of random samples for E.coli are higher than those for M.musculus and H.sapiens, which may be because the data of E.coli is smaller than that of the other organisms. In all, the different compositions of amino acids surrounding malonylation sites and non-malonylation sites justify that it's rational to choose AAC and BINA as features for malonylation site prediction.
Physicochemical properties
The EBGW feature is mainly based on the hydrophobicity and charge character of amino acid residues. The statistically significant differences in the distribution of different types of amino acid residues surrounding lysine sites can determine whether malonylation and non-malonylation sites have distinct physiochemical properties ( Supplementary Fig. S7 ). Based on the curated datasets, the size of the group number was selected to be 11 with the best accuracy ( Supplementary Fig. S8 ). And the EBGW values were represented by 33 dimension values (Fig. 4) . The results show that the ration of EBGW values of H2 (12-22) between malonylation sequence and non-malonylation ones are higher than 0, implying more positive charge existed around malonylation sites than that around the nonmalonylation ones (Supplementary Fig. S7 ). Figure 4 also shows that the difference between malonylation and non-malonylation for M.musculus (green) and E.coli (red) are bigger in H3, but for H.sapiens, the curves (blue) shows small difference in H1 and H3, much more difference can be observed in H2.
Analysis of evolution information results
Based on the theory that substrate sites of same enzyme usually share similar patterns, features from its similar sequences in both positive and negative datasets were extracted by a KNN algorithm, and the results showed that malonylation sites have larger KNN scores than non-malonylation ones (Fig. 5, Supplementary Fig. S9 ). For malonylation sites, the average KNN scores with different sizes of nearest neighbors are around 0.61, which are more than the negative samples for 0.12, 0.12 and 0.13, respectively. Therefore, the local sequences surrounding known malonylation sites are more similar to their nearest neighbors in the positive set, and vice versa. The difference between positive and negative sets of H.sapiens is higher than that of E.coli and M.musculus, which may account for the higher accuracy of H.sapiens than that of other organisms. With the increasing of K, the gap of KNN scores between malonyaltion and non-malonyaltion sites is decreasing (Fig. 5) . In short, the KNN scores capture evolutionary similarity information in the local sequence around malonylation sites and hence distinguish them from the background. Therefore, KNN scores are suitable to be used as features for malonylation site prediction.
By performing PSI-BLAST search against the NCBI nonredundant database, the modified PSSM values, which are the evaluation of a measure of residues conservation, are used to obtain evolutionary information about amino acids around malonylation sites.
Performance evaluation
Based on the benchmark dataset, five feature sets (AAC, BINA, EBGW, KNN, PSSM) as well as their combined feature sets were evaluated before and after using the IG method by means of 10-fold cross-validation (Table 1 ). The results declare that the KNN scores capture evolutionary similarity information in the local sequence around malonylation sites and hence have the best performance among the five features. IG was chosen to select the characteristics and significant features for the single features excluding the KNN scores owing to the small dimension. For BINA, based on the IG, the dimension is decreased from 525 to 100 with the increasing of accuracy by 6%, 3% and 2% for the three organisms respectively, and the dimension of PSSM also is reduced from 400 to 100 for E.coli and 200 for M.musculus and H.sapiens with the higher performances. The dimension of EBGW for M.musculus is decreased to 22 while that of E.coli and H.sapiens remain unchanged. The dimension of AAC has the opposite results comparing with EBGW for the three organisms. When we combine the optimized features together, the accuracy has the improvement by 4%, 5% and 4% for three organisms separately. The independent test also show the significantly increase for MCC by 11.5%, 4% and 10% (Supplementary Table S2 ). All these results showed that the prediction performance is enhanced through the above-mentioned IG optimization method.
To evaluate the robustness and prediction performance of the MaloPred, 4-, 6-, 8-and 10-fold cross-validations were performed using the same benchmark and independent datasets and the ROC curves were drawn in Figure 6 . The AUC values of 4-, 6-, 8-and 10-fold cross-validations for H.sapiens are 0.856, 0.884, 0.863 and 0.871, which are higher than that of M.musculus for 0.047, 0.068, 0.062, 0.044 and that of E.coli for 0.126, 0.131, 0.153 and 0.116, respectively. This promising performance for H.sapiens might be owing to the larger dataset for training than that of M.musculus and E.coli. In addition, the results of 4-, 6-, 8-and 10-fold crossvalidations are highly similar to each other, implying that MaloPred is a stable and robust predictor with a satisfying performance.
Conclusions
By using large datasets and the multiple features, which considered not only protein sequence information but also evolution similarity and physicochemical properties, MaloPred was developed to predict the malonylation sites for E.coli, M.musculus and H.sapiens separately. In rigorous tests, the model achieved a promising performance. But because of the data limitation, the prediction of MaloPred is just limited to three organisms. With the continuous identification and collection of newly protein malonylation sites, we expect MaloPred can get better performance for more species. In addition, together with the predictions and experimental validations, our model is expected to save time and avoid other costs and limitations associated with the traditional methods, and proposed to propel the study of protein malonylation into a new phase.
